Synoptic weather patterns are investigated for their impact on energy fluxes driving melt of a marginal snowpack 11 in the Snowy Mountains, southeast Australia. K-means clustering applied to ECMWF ERA-Interim data identified 12 common synoptic types and patterns that were then associated with in-situ snowpack energy flux measurements. 13
Synoptic classification of snow cover days 154
Synoptic weather type classification of homogeneous snow cover days was conducted using synoptic typing 155 methods adapted from Theobald et al. (2015) . European Centre for Medium-Range Weather Forecasts (ECMWF) 156 ERA-Interim reanalysis data (Dee et al., 2011) with a 0.75° X 0.75° resolution was obtained for each day from 10 157 June 2016 through 31 October 2017. This date range was chosen to ensure inclusion of all potential dates with 158 snow cover during the 2016 and 2017 snow seasons after the initial instrument tower installation on 10 June 2016. 159
Variables included in the reanalysis data consisted of mean daily values of Mean Sea Level Pressure (MSLP); 160 temperature and relative humidity at 850, 700, 500, and 250 hPa; wind vectors at 10 m AGL, 850, 700, 500, and 161 250 hPa; and 1000-500 hPa geopotential heights. The domain of the included variables was limited to 20°S -46°S 162 and 120°E -160°E, ensuring coverage of synoptic scale systems affecting the Australian Alps. 163
Focus was placed on analysis of temperature ( ) and relative humidity ( ) values because of their impact on 164
Qe, Qh, and radiative fluxes (Reba et al., 2009; Ruckstuhl et al., 2007; Allan et al., 1999; Webb et al., 1993) . Relative 165 humidity values at 850, 700, and 500 hPa were used to investigate the potential influence of cloud cover. MSLP 166 and wind vector analysis at the 850, 700, 500, and 250 hPa levels allowed for the identification of and 167 advection (Pook et al., 2006) into the Australian Alps. Thickness between 1000-500 hPa was used to determine 168 frontal positions relative to the Australian Alps (Pook et al., 2006) and accordingly the Pipers Creek field site. 169
The method used for synoptic comparison of energy flux characteristics was adopted from the approach of similar 170 types of studies (Theobald et al., 2016; Theobald et al., 2015; Chubb et al., 2011; Neale and Fitzharris, 1997 ) and 171 used "days" as the temporal period for analysis. "Days", periods lasting twenty-four hours from 00Z to 23: 59Z, 172 were considered optimal to determine radiative flux characteristics (diurnal radiation cycle) that may be missed 173 on smaller time scales. Similarly, the use of days allows for determination of short-term energy fluxes that can 174 also be easily compared over several months, thus being most appropriate for the entire snow season. 175
Days within the ERA-Interim data that matched snow cover days were extracted and analysed using the k-means 176 clustering algorithm developed by Theobald et al. (2015) . The algorithm was tested for 1-20 clusters and an elbow 177 plot of the cluster distances was used to identify the optimum number of clusters (Theobald et al., 2015) , which 178 was seven. The identification of an elbow in the plot at seven clusters indicates a reduction to the benefit of adding 179 additional clusters as the sum of distances for additional clusters fails to yield significant reductions beyond that 180 point (Wilks, 2011) . 181
Clustering of the synoptic conditions for each day was verified through manual analysis of MSLP and 500 hPa 182 charts from the Australian Bureau of Meteorology (BOM) (Bureau of Meteorology, 2018). Cloud cover for each 183 type was investigated and verified through the use of visible band Himawari-8 satellite data 184 (https://www.ncdc.noaa.gov/gibbs/) at 03:00 UTC (13:00 local time) with one of three categories assigned to each 185 day studied; 1) no cloud cover, 2) partial cloud cover, or 3) complete cloud cover. Cloud cover was investigated 186 at midday to avoid misclassification due to short-lived clouds that appear over the area during the dawn and dusk 187
periods. 188
Manual verification of the k-means clustering algorithm using BOM synoptic charts identified four days (2.45%) 189 out of the 163 classified during the 2016 and 2017 seasons that had been classified incorrectly and they were 190 subsequently moved to their correct synoptic type. Three of the four misclassified days were early (7 June 2016) 191 https://doi.org/10.5194/tc-2020-43 Preprint. Discussion started: 13 February 2020 c Author(s) 2020. CC BY 4.0 License. or late (19 and 22 September 2016) in the snowpack seasons with the fourth occurring in the middle of winter on 192 31 July 2017. Synoptic characteristics from these days tended to be complicated with no discernible dominant 193 features that matched those of classified types. This is likely due to shifting synoptic conditions between seasons 194 related to poleward or equatorial shifts in westerly winds. 195
Snowpack energy accounting 196
Accurate measurement of snowpack energy balance and associated melt can be difficult due to snowpack 197 heterogeneity (Reba et al., 2009 ) and problems with energy balance closure (Helgason and Pomeroy, 2012) . The 198 basic snowpack energy balance can be expressed as: 199
where the energy available for snow melt ( ) is equal to the sum of * , ℎ and , , and the energy flux to 201 the snowpack from liquid precipitation ( ) (Male and Granger, 1981; McKay and Thurtell, 1978) . It's important 202 to note that all terms used in the calculation of the snowpack energy balance are net terms (Marks and Dozier, 203 1992; Stoy et al., 2018; Welch et al., 2016) . Using net terms allows for conservation of energy within the (ideally) 204 closed energy balance system of the snowpack and aids in more accurately determining contributions of each term 205 to the energy balance. 206
Internal energy storage and melt processes can make calculation of the snowpack energy balance particularly 207 difficult when internal measurements of the snowpack are not available due to problems closing the energy 208 balance (Helgason and Pomeroy, 2012) . This is particularly difficult over Australia's snowpack due to its marginal 209 characteristics that result in nearly constant internal snowpack melt. Therefore, can be more accurately 210 expressed as a residual energy term ( ) that is defined as the sum of the measured terms in Eq. (1) plus any 211 error in energy balance closure ( ): 212
While * can be used for basic analysis of the snowpack energy balance, a decomposition into its individual 214 components is necessary to understand the role of short and longwave radiation exchange in snowpack energetics 215 that quantify the net shortwave ( * ) and net longwave ( * ) components. 218
The approach taken within this paper is to examine net radiative flux components individually, similar to the 219 https://doi.org/10.5194/tc-2020-43 Preprint. Discussion started: 13 February 2020 c Author(s) 2020. CC BY 4.0 License.
2.6
Energy flux measurements of synoptic types 225
Coordinate rotation for EC systems is typically used to account for errors introduced into flux data due to 226 imprecise instrumentation levelling. However, complex terrain can complicate EC measurements through local 227 scale processes such as thermally induced anabatic and katabatic flows, modification and generation of complex 228 terrain-induced flows, and inhomogeneity of terrain. In these areas, coordinate rotation is used to align the eddy 229 covariance coordinate system with the sloping surface and to identify and remove larger scale motions that may 230
be measured with the microscale flows. The Pipers Creek catchment site is located on predominantly level terrain, 231 however, double coordinate rotation was used to process the EC data to ensure terrain-induced influences on 232 airflow were removed (Stiperski and Rotach, 2016) . 233
Frequency corrections were made to the EC data to account for sensor response delay, volume averaging, and the 234 separation distance of the sonic anemometer and gas analyser when calculating fluxes. Finally, WPL air density 235 corrections (Webb et al., 1980) were made to account for vertical velocities that exist as a result of changing air 236 mass density through fluxes of heat and water vapour. Quality flags were calculated for Qh and Qe using the 237 methods of Mauder and Foken (2011) that assigned a number from 0-2 based on the quality of the fluxes. High 238 quality data that is able to be used for fundamental research was assigned a 0, fluxes assigned a 1 are less accurate 239 but can still be used for long term observations, and fluxes assigned a 2 needed to be removed and gap-filled. 240 ℎ and flux were calculated using the EC equations: 241
where is air density (kg m -3 ), is the specific heat of air (1005 J kg -1 deg -1 ), ′ ′ is the average covariance 244 between the vertical wind velocity (ms -1 ) and potential temperature ( ), is the latent heat of sublimation 245 or vaporization of water (J kg -1 ), and ′ ′ is the average covariance between the vertical wind velocity (ms -1 ) 246 and specific humidity (kg kg -1 ) (Reba et al., 2009) . 247
The calculation of followed Bilish et al. (2018) and was determined using three separate calculations to 248 establish approximate wet bulb temperature ( ) (Stull, 2011) , the fraction of precipitation falling as rain (1 − 249 ) (Michelson, 2004), and total rain heat flux ( ) based on precipitation accumulation over a 30-minute 250 period. 251
2.7
Energy flux data quality control and gap-filling 252
In addition to removing EC measurements assigned a quality flag of 2, and ℎ values were also removed 253 when water vapour signal strength, a unit-less number calculated from the fraction of beam received compared to 254 that emitted, from the gas analyser was < 0.70 in order to remove erroneous readings during periods of 255 precipitation (Campbell Scientific, 2018; Gray et al., 2018) . A seven point moving-median filter was implemented 256 over three iterations to de-spike the data and remove values more than 3.0 standard deviations away from the 257 median values. 258
Pre-existing gaps and gaps introduced into the data by the quality control procedures were filled using linear 259 interpolation described by (Falge et al., 2001a; 2001b) unique energy balance characteristics of the synoptic types being investigated and, therefore, was not included as 264 a gap-fill strategy for the data. 265
The R programming package randomForest (Liaw and Wiener, 2002 ) was used to fill gaps in Qe and Qh longer 266 than 90 minutes in length. The random forest regression trained to determine and ℎ flux values was developed 267 using twenty-six atmospheric and soil variables collected in addition to EC measurements. Mean squared errors 268 (MSE)'s were examined for forests with 1-500 trees and it was determined that 150 trees were sufficient to build 269 an accurate model for both and ℎ . Tests were then conducted to determine the optimal number of variables 270 to be randomly selected at each node that showed 13 variables was optimal for determination of ℎ and 14 271 variables should be used for . The and ℎ random forest regression models were tested for their ability to 272 predict values that had been used to train the models by comparing the measured and ℎ values with the 273 Identification of homogeneous snow cover days for the 2016 and 2017 snow seasons (June to October) resulted 283 in 163 total days with 90 days occurring in the 2016 and 73 days in 2017. July, August, and September had the 284 highest number of classifiable days during the period. June and October still had periods with homogenous snow 285 cover, but they became intermittent and fewer classifiable days were in each of the months. This led to fewer 286 periods of study at the beginning and end of the snow seasons when the snowpack was variable, with more in the 287 late winter and early spring months when snow cover was more consistent. Mean surface and cloud characteristics 288 and median daily energy flux characteristics of synoptic types identified during the two seasons are presented in 289 Table 2 . Though characterization of synoptic types is purely statistical, T1, T4, T5, and T6 are considered to be 'transition 308 types' as they have surface pressure characteristics that indicate a change in pressure regime (lowhigh or high 309 low) in the upcoming days. T1, T4, and T6 are post-frontal transition types that show high pressure ridging into 310 the region following the passage of a trough that has either moved to the east (T1 and T4) or developed into a 311 weak lee-side cut-off low (T6). T5 shows the approach of a trough from the west and an associated transition to 312 a low pressure system. T2 and T7 show the area under the influence of zonal flow as a result of high pressure 313 systems centred over the area, while T3 shows SEA under the influence of a trough at the time of observations. 314
Relative humidity and cloud cover 315
Understanding RH values associated with different synoptic types provides the ability to track types that are 316 favourable for high exchange with the snowpack. In addition, RH values at all tropospheric levels can have 317 impacts on snowpack energy flux through influences on * and * exchange via changes to insolation and the 318 absorption and emission of . The identification of RH characteristics and associated cloud cover is necessary to 319 fully develop energy flux characteristics for each type. 320
Many of the synoptic types display local RH maxima in the Snowy Mountains region at 850 hPa ( Figure 3b ) and, 321 while T5 has the lowest RH values of all types, it still has slightly higher RH values over the area. The elevation 322
in RH values in the region is most likely caused by changes of airmass thermodynamic properties due to 323 orographic forcing of the mountains (Ahrens, 2012) . T4 and T6 had the highest RH values over the region at 850 324 hPa with both being widespread and higher than 90%. T6 shows strong southerly advection of elevated RH values 325 from the tropics along the NSW and QLD coast ahead of troughs at 700 and 500 hPa that are associated with the 326 surface cut-off low. 327
Identification of cloud cover, conducted following the procedures outlined in section 2.4, agreed with the mean 328 RH characteristics of T4 and T6 with both types having 100% cloud cover between partial and complete cloud 329 cover days (Table 2 ). T6 showed the highest RH values of any type with values greater than 90% over the region 330 at the 700 and 500 hPa levels. While not definitive, this would suggest that T6 has deeper or more cloud layers 331 than T4, which likely only has clouds at lower altitudes. T2 and T7 had the lowest percentage of days with any 332 cloud cover, which is confirmed by their low RH values at 700 hPa (<20% & <30%) and 500 hPa (<30% & 333 <40%), respectively. In addition, they also had the highest percentage of cloud-free days with T2 clear sky 19% 334 https://doi.org/10.5194/tc-2020-43 Preprint. Discussion started: 13 February 2020 c Author(s) 2020. CC BY 4.0 License.
of the time and T7 having 23% of its days without cloud. The remaining types (T1, T3, and T5) showed a relatively 335 consistent number of cloud days based on the satellite observations that were all above 85%. 336
3.1.3
Temperature 337
Temperature characteristics of synoptic types at low and mid-levels in the atmosphere are crucial to identify those 338 with the highest surface sensible heat flux characteristics. The highest mean temperatures and strongest warm air 339 advection (WAA) in the Snowy Mountains region at 850 hPa ( Figure 3c ) was found to be from T5 that is driven 340 by converging winds on the back of a high pressure circulation to the east and the leading edge of a trough to the 341 west. T2 and T3 have the second and third highest temperatures, respectively, but have different advection 342 characteristics. T2 shows relatively weak WAA into the Snowy Mountains region associated with zonal flows at 343 850 hPa resulting from the high pressure circulations located to the north (similar to T7). However, T3 shows cold 344 air advection (CAA) associated with dominant winds from the west-northwest. 345
Overall, CAA at 850 hPa can be identified in four of the seven types (T1, T3, T4, and T6) and warm air advection 346 exists in the other three synoptic types (T2, T5, and T7). Of the four CAA types, T1 and T4 advection is being 347 generated through south-southwest and west-southwest winds, respectively, related to high pressure centres to the 348 northwest. Despite a stronger southerly component of dominant CAA winds in T1, temperatures are lower in T4 349 which has a higher westerly component to the wind. T6 shows CAA related to converging winds on the back of a 350 trough to the east and a high to the northwest. 351
Frequency and duration 352
The frequency of each synoptic type during the 2016 and 2017 snowpack seasons is shown in Table 2. T3 and T7  353 occurred most frequently with 26.99% (44 days) and 19.02% (31 days) respectively. The higher number of days 354 in T3 and T7 is reflected in the mean type duration that shows these types with the longest duration. This is likely 355 due to these synoptic types occurring in a slower progressing synoptic pattern over multiple days as seen in the 356 mean type duration data (Table 2) . 357
Transition probabilities for the 2016 and 2017 seasons were developed similar to those used by Kidson (2000) 358 that detail the likelihood of a synoptic type occurring on the following day given an initial type. The highest 359 transition probabilities were identified for each type and a flowchart was developed based on the most likely 360 synoptic type progressions (Figure 4a ). If the highest transition probabilities were within < 0.05 of each other, two 361 paths were plotted. The flowchart shows what would be expected for a basic synoptic-scale circulation at mid-362 latitudes; a trough propagating eastward into the Snowy Mountains region in T7, T5, and T3; either continued 363 eastward movement of the surface trough (T4) or the development of a weak cut-off low (T6); then transitioning 364 to dominant high pressure over the region again (T2, T1, or T7). 365
Energy flux characteristics of synoptic types 366
It is important to consider the effects of synoptic type frequency when determining primary sources of energy 367 fluxes over long periods, as synoptic types that contribute the most to snowpack ablation may simply have a higher 368 rate of occurrence and lower daily energy flux values than other types. In order to obtain a more detailed 369 understanding of each type's energy flux, median daily energy flux calculated for each type was determined to be 370 a better method of comparison. Therefore, both median daily and total snowpack fluxes over the two seasons 
Latent and sensible heat flux 377
Daily was negative for each of the seven synoptic types (Figure 5a ) and the magnitude of the values was shown 378 to correspond to the mean 850 hPa RH values for each type reflecting the site elevation of 1828 m asl. Two of the 379 three types with the lowest RH values (T2 and T5) showed the greatest negative values and those with the 380 higher RH values (T1 and T6) showed the least amount of , which is consistent with conditions needed for 381 evaporation from the snowpack. T5 had the second largest negative values of any type with a median value 382 of -1.00 MJ m -2 day -1 which corresponds to its low 850 hPa RH values, the highest observed surface mean daily 383 ambient temperature of 3.5 °C, and the second lowest observed surface mean RH value of 65% with only T2 being 384 lower (60%). T3 showed the largest release of from the snowpack with a median value of -1.11 MJ m -2 day -1 . 385
Overall, negative was offset by positive ℎ for most synoptic types with the exception of T3 that had mean 386 surface temperatures below zero (-0.83°C) and a measured surface RH value below 90% resulting in more 387 loss than ℎ gain by the snowpack. Similar to trends seen in , the highest daily median ℎ values (Figure 5b ) 388 were associated with synoptic types with the highest temperatures at 850 hPa (T5, T7, & T2), which coincided 389 with observed temperatures from the energy flux tower (3.48°C, 1.46°C, & 1.89°C). T5 showed the highest daily 390 ℎ values as a result of having the highest temperatures and also has the second lowest value that is associated 391 with having the lowest RH of any type (60%). Ultimately, when both turbulent terms are considered, T5 had the 392 highest amount of energy flux into the snowpack (1.49 MJ m -2 day -1 ) followed by T7 (1.40 MJ m -2 day -1 ) and T1 393 (1.00 MJ m -2 day -1 ). 394
Radiation flux 395
The largest contribution of radiative energy to the snowpack from all synoptic types was * which accounted for 396 53-97% of total positive flux (Figure 5c ). By comparison, * accounted for 61-95% of negative energy flux from 397 the snowpack (Figure 5d ) with the highest amounts of loss belonging to the types with the lowest percentage of 398 cloud cover (T1, T2, and T7). Total radiation flux varied largely by synoptic type and was found to be positive in 399 types T3 and T6 and negative for the rest of the types. The two types with positive net radiation had the highest 400 incoming longwave radiation flux values mostly balancing outgoing longwave values. This meant that incoming 401 shortwave radiation to dominates Q*. The largest loss in Q was exhibited by T1, that was 31% higher than the 402 next closest type (T4). The types with net radiation loss (T1, T2, T4, T5, and T7) had values that ranged from -403 0.67 MJ m -2 day -1 (T5) to -2.78 MJ m -2 day -1 (T1). However, T4 had dissimilar cloud and RH characteristics to 404 T2 and T7, which had the two lowest cloud cover percentages and two of the lowest RH values. T4 had 100% 405 cloud cover and had an associated reduction in incoming shortwave radiation that allowed the outgoing longwave 406 radiation term to become more dominant than in T2 or T7 and, therefore, gave it the highest Q* loss of the three. 407
3.2.3
Ground and precipitation heat flux 408 Energy flux from ground and Qr (Figure 5e & 5f) were the smallest of any term for all synoptic types, with 409 and accounting for less than one percent of median daily energy fluxes for all synoptic types. Ground heat flux 410 https://doi.org/10.5194/tc-2020-43 Preprint. Discussion started: 13 February 2020 c Author(s) 2020. CC BY 4.0 License.
characteristics were similar between all synoptic types and varied little. While was small when examined as a 411 daily median value, it does show a high degree of variation primarily associated with T5 and T3. This is due to 412 several large rain events that occurred during 2016 (18 July; 21 and 22 July; and 31 August) and one during 2017 413 (15 August). Despite relatively low energy flux contributions by rainfall, it is interesting to note that the ten days 414 with the highest rainfall fluxes (>0.05 MJ m -2 day -1 ) consisted of four T5 days, three T3 days, two T7 days, and 415 one T6 day showing a significant clustering of high precipitation days in types T5 and T3. 416
3.2.4
Total daily net energy flux 417
Overall, two synoptic types (T5 and T6) had positive median daily net energy flux to the snowpack (Figure 6a ). 418
Of these, T5 had the largest energy flux that was related to its relatively high temperatures that contributed to the 419 highest ℎ value of any synoptic type and increased solar radiation from less cloud cover. Contrary to the reduction 420 in cloud cover that aided T5 in having the highest total energy flux contributions, T6 had the highest cloud cover 421 and yet had the second highest energy flux to the snowpack that was primarily due to increased incoming 422 longwave radiation. T7 was close to having neutral energy fluxes with a median value of only -0.04 MJ m -2 day -1 423 as a result of relatively low percentage of cloud cover resulting in strongly negative * as well as the second 424 highest ℎ term of any type. 425 T1 and T4 showed the greatest negative median daily net energy flux of all synoptic types (Figure 6a ), which 426 could be attributed to their negative * and to having low * terms. T3 has a similar net energy flux to T4, but is 427 negative primarily due to having the only negative ℎ of any type. T2 also had a net negative median daily energy 428 flux but to a lesser extent than either T1, T3, or T4. Relative humidity values lower than any other type were the 429 primary driver behind T2's negative net value as it resulted in the highest longwave radiation loss from the 430 snowpack through having the lowest cloud cover, as well as loss. 431
The synoptic type T5 contributed the most energy to the snowpack during the two seasons (Figure 6b ) due to a 432 high number of occurrences (24) and having the largest positive fluxes from high ℎ values associated with strong 433 WAA ahead of the passage of cold fronts. While T6 was the only other type to have positive median daily energy 434 flux contributions to snowpack energy flux, T7 contributed a higher amount of energy flux during the two winter 435 periods because it had the second highest number of occurrences, and the distribution of occurrences around the 436 median show that events were either near-neutral or positive in their energy fluxes. T6 was the only other type to 437 have a positive energy flux contribution to the snowpack over the two seasons and it was smaller than that of T5 438 incoming energy flux with ℎ accounting for 0-9% of incoming fluxes, generating 0-4%, attributing 0.3%, 487 and accounting for 0.1%. Despite methodological differences that can be attributed to the need to highlight 488 different processes within atmospheresnowpack interaction, results from both papers show similar overall 489 energy fluxes. 490
Synoptic patterns and energy flux 491
Snowpack energy flux characteristics recorded at the Pipers Creek catchment headwaters have been related to 492 synoptic weather types that occurred during the 2016 and 2017 snow seasons. The resulting analysis reveals a 493 maximum in positive energy flux as pre-frontal troughs approach the Snowy Mountains, followed by cold front 494 conditions during the T7→T5→T3 common progression pattern identified here. Several factors cause high 495 positive energy flux during these periods that include: an increase in temperatures due to WAA and the associated 496 increase in positive ℎ ; decrease in negative * due to an increase in cloud cover; a decrease in following 497 frontal passage and associated increase in RH; and progressively increasing as the trough approaches and 498 immediately after passage. 499 Synoptic types characterized by surface high pressure as their primary influence (T1, T2, T4, and T7) had four of 500 the five negative daily contributions to snowpack energy flux. In T1, T2, and T7, net shortwave radiation terms 501 ( * ) were positive and varied by ~4-10% for these types, however, low RH and cloud cover allowed for highly 502 negative * terms that were not compensated by change in * . In contrast, T4 had higher cloud cover and increased 503 RH that were due to advection of moisture from the Tasman Sea. The higher RH in T4 and low mean air 504 temperature (-2.06°C) resulted in and ℎ terms of similar magnitudes, but opposite signs that nearly cancelled 505 out. This resulted in a * term that was of lesser magnitude than those of T1, T2, and T7, but still the dominant 506 term in its energy exchange. 507
Four primary synoptic circulation patterns were identified during the study period. Each of the four patterns and 508 their associated energy flux values calculated from median daily flux and mean type duration can be seen in 509 Under these conditions, snowpack energy exchange in the Australian Alps would be expected to decrease as 517 synoptic types related to anti-cyclonic conditions have negative energy fluxes to the snowpack and synoptic 518 patterns T3 and T4, which have the largest negative snowpack energy fluxes, would increase in frequency. While 519 these results may seem counterintuitive regarding a generally warming climate, they agree with the findings of 520 Theobald et al. (2016) who showed reductions in cool-season precipitation amounts and frequency due, in part, 521 to reductions in the occurrence of dominant cold front systems. The reduction in cold-frontal systems in the 522 Australian Alps region is associated with declines in the pre-frontal WAA that has been shown to be the primary 523 driver of positive snowpack energy flux. However, potential reductions in energy fluxes to the snowpack will not 524 https://doi.org/10.5194/tc-2020-43 Preprint. Discussion started: 13 February 2020 c Author(s) 2020. CC BY 4.0 License. likely lead to increases in snowpack duration or depth, as reductions in precipitation are associated with the shifts 525 to anti-cyclonic synoptic patterns (Theobald et al., 2016; Theobald et al., 2015) . 526
Distribution of gap-filled eddy covariance fluxes 527
One of the disadvantages of the Random Forest regression method to gap-fill missing EC data is that exact results 528 aren't reproducible due to the method's random handling and sub-setting of predictor variables. Methods of 529 developing models and predicting values were evaluated over twenty iterations to determine the amount of 530 variability in RMSE when generating a random forest from the same dataset. Some variability in RMSE was noted 531 between tests for and ℎ but was small with a standard deviation of 0.01 Wm -2 in and 0.03 Wm -2 in ℎ . 532
Small differences in RMSEs between model development runs and data filling indicate that RMSE values for gap-533
filled data would be best represented as 2.56 ± 0.01 Wm -2 for and 4.67 ± 0.03 Wm -2 for ℎ 534
Gap-filling of Qh and Qe can introduce uncertainty into measurements that may affect the ability to thoroughly 535 compare datasets such as those pertaining to the different synoptic types compared within this work. As such, it 536 is important to note that not all synoptic types had equal amounts of gap-filling for their and ℎ fluxes. 537
Distribution of gap-filled data within synoptic types depended largely on the quantity of precipitation associated 538 with each type. The most significant concentrations of gap-filled data were in T3 ( : 74%, ℎ : 55%) T5 ( : 539 57%, ℎ : 39%), and T6 ( : 81%, ℎ : 73%). Differences in the quantity of gap-filled data between synoptic types 540 can create uncertainty when making comparisons between fluxes in each. However, uncertainty introduced 541 
